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ABSTRACT

tion and classification of plant diseases are crucial for ensuring the health and productivity _ofcrbps
a widely cultivated legume. Among various threats, parasitic plants like ;'(‘;‘usmta
leading to severe yield losses. Traditional manual disease detection methods
are time-consuming and prone to uman error, highlighting the need for automa ted, accurate solutions. In this study,
we propose a deep learning-based approach utilizing the ResNet-50 architecture to automaticallykqlqkskéiﬁj diseases
affecting blackgram plants, with a special focus on detecting Cuscuta infestations. ResNet50, a robust
convolutional neural network (CNN), is employed due to its ability to handle complex image Keéognition tasks while
maintaining high accuracy. A dataset of blackgram plant images, including healthy planiSLﬁhd"Ehose affected by
Cuscuta, was curated for training and validation. The model was trained using'«labéled i;nages, achieving high
classification accuracy through transfer learning and fine-tuning techniques. ‘Dgzthfdugmentation was employed to
ersity and improve model generalization, Our ~r‘ésul'ts demonstrate that the ResNet-50
sl between healthy plants and those infested by Cuscuta, with an accuracy exceeding
efficient solution for early detection, enabling timely intervention and
e to identify other diseases and

The identifica
like blackgram (Vigna mungo),
(dodder) pose significant challenges,

increase the dataset’s div

model can effectively distingui
98%. This automated system offers a scalable,
crop damage. Futiure work will focus on expanding the model’s scop

minimizing
deployment capabilities in agricultural settings.

improving its real-time

KEYWORDS: Vigna Mungo, Convolutional Neural Network (CNN), Cuscuta, ResNet-50.
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INTRODUCTION

Agriculture plays a crucial role in sustaining the
global population bv prm'iding food, fiber, and raw
materials. Among various Crops cultivated worldwide,
pulses hold a significant position duce to their rich
nutnitional  content.  Blackgram  (Vigna  mungo),
commonly known as urad bean, is an essential pulse
crop widely grown in South Asia, particularly in India. It
cerves as a key source of protein and other nutrients for
millions of people. However, like any other crop,
blackgram is vulnerable to a variety of discases that
adverselv affect its yield and quality. Accurate and
tmely dentification of - plant diseases is vital for
mitigating crop losses and ensuring food security.
Traditionally, farmers and agricultural experts rely on
manual inspection and visual observation to detect
this

time-consuming, requires expertise, and is often prone to

diseases in plants. However, method is

human crror.  In recent years, technological
advancements, particularly in artificial intelligence (AD)
and machine learning (ML), have opened new avenues
for automating plant disease detection and classification.

Deep learning (DL), a subset of ML, has emerged as a

powerful tool for image recognition tasks. With its

ability to learn intricate patterns from vast amounts of
data, deep learning has shown great potential in
diagnosing plant diseases by analyzing images of plant
leaves and other parts. Convolutional Neural Networks
(CNNs), a type of deep learning architecture, have
proven to be particularly effective in processing and
classifving images. Hy
This study aims to explore the application of deep
learning particularly CNNs,  for the
classification of blackgram plant diseases. By leveraging
large datasets of blackgram leaf images, we intend to

techniques,

develop a model capable of accurately identifying
various diseases that affect blackgram crops. The
automation of this process could significantly aid
farmers and agricultural practitioners in early disease
delection, enabling them to take timely and appropriate
measures to protect their crops. In this study, blackgram
(Vigna mungo) is a significant leguminous crop in many
parts of the world. However, its productivity is often
threatened by various diseases, including Anthracnose,
Leaf Crinckle, Powdery Mildew, Yellow Mosaic, and
parasitic infestations like Cuscuta. Traditional disease

detection methods are time-consuming and often require

expert knowledge. With advancements in deep learning,

automated disease detection has become a viable
solution. The need for accurate and automated detection
of blackgram plant discases is paramount, especially in
regions where access to expert diagnosis is limited. This
research aims to develop a robust model for classifying
blackgram plant diseases, with a particular focus on
identifying Cuscuta, using the ResNet-50 architecture.
Objectives of this Work
» To classify blackgram plant discases using a
deep learning approach.
> Toapply color masking techniques for improved
detection of Cuscuta.

» To evaluate the performance of the ResNet-50

model in classifying multiple plant diseases.

Figure 1: Typ‘ef;é~ of Blackgram Diseases (A)
Anthracnose, ./(B) Cuscuta, (C) Healthy, (D) Leaf
Crinckle, (E) Powdery Mildew, (F) Yellow Mosaic.

3 &
C

LITERATURE SURVEY

Mohan Sai et al. [11] presented a model to identify the
particular disease of plant leaves at early stages so that
we can prevent or take a remedy to stop spreading of the
disease. This proposed model is made into five sessions.
Image preprocessing includes the enhancement of the
low light image done using inception modules in CNN.
Low-resolution image enhancement is done using an
Network. This also
Conversion of RGB Image to YCrCb color space. Next,

Adversarial Neural includes

this work presents a methodology for image

segmentation which is an important aspect for
identifying the disease symptoms. This segmentation is
done using the genetic algorithm. Due to this process the
segmentation of the leaf Image this helps in detection of

the leaf mage automatically and classifying. Texture

e
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jeld of Blackgram based on factors like leaf area
\ )

Jowering density, and pod distribution.

Figure 2: Pre-trained Model CNN
Advantages of Using Pre-trained CNNs for Blackgram
Reduced  Training  Time: Since these models are
pre-trained, they require less time and data for retraining
on specitic tasks related to Blackgram.

High Accuracy: Pre-trained models have already learned
teatures from large-scale data, making them highly
accurate even when applied to new domains like
agriculture

Scalability: The models can be applied across large
helds and muluple farms, using satellite or drone
imagery to monitor Blackgram crops at scale.
RESNET50 for Classification of Blackgram plant
diseases

ResNet50 (Residual Network 50 layers) is a deep CNN
He et al. in 2015. It

revolutionized the deep learning field by addressing the

architecture  introduced by
issue of vanishing gradients, which can occur in deep

networks. By introducing residual  connections,
ResNet50 enables the model to learn identity mappings
more effectively and train deeper networks without
degradation in performance. The key component of
ResNet50 is the residual block, which includes identity
mappings and skip connections, allowing layers to learn
the differences or “residuals” between the input and the
output. This makes the model not only more accurate
but also computationally efficient. ResNet50 consists of
50 layers, including convolutional, pooling, and fully
connected layers, making it highly suited for large-scale
image classification tasks. ResNet50 is particularly
well-suited for the task of classifying blackgram plant
diseases due to its ability to extract rich and deep
hierarchical features from input images. By leveraging
transfer learning, a pre-trained ResNet50 model can be

fine-tuned on a dataset of blackgram plant images,

=)

enabling  the network to recognize disease-specific
foatures such as leaf spots, discoloration, mold growlh,
associated  with  common

and other

sympmms
blackgram discases like:
Anthracnose, Cuscuta, Healthy, Leaf Crinckle, Powdery
Mildew, and Yellow Mosaic.

In the classification pipeline, images of blackgram leaves
infected by various diseases are used to train ResNet50.
The network processes the input image through multiple
layers, extracting feature maps at various levels of
abstraction. By using prc—lraincd weights from large
datasets like ImageNet, the model can gencralize well to

the blackgram discase dataset with minimal labeled

data.
Key Components of ResNet-50
1. InputLayer:

5 ResNet-50 accepts an input image of size
224x224x3 (height, width, and 3 color
channels).

2. Convolutional Layer (Conv1):

> The first layer is a convolutional layer
with a 7x7 filter and a stride of 2.

> Equation for the convolution operation.

Z=X*+W+b (1)
3. Batch Normalization:

» Batch normalization is after

applied
convolution to normalize activations.

Normalization equation:

f=—t
: Vol + €

4. Max Pooling (Pool1):
> A max pooling layer reduces the

()

dimensionality of the feature maps using a
3x3 filter with stride 2.
Equation for max pooling;:

Y =max(X,p) (3)

ResNet50 Model Architecture

&

Flattening
FC

Zero Padding

Input

Conv Block
1D Block
CO;{\;‘_BIock
1D Block
Conv Block
1D Block
Conv Block
1D Block
Avg Pool

70 Mex Pool 71

e ———————————

Stage |

Stage2  Sage3 Staged Stpe$

Figure 3: Architecture of RESNETS0
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V.

DESCRIPTION
images of black gram fields

adda Mandal, Krishna District,

pA TASET
Jdataset includes

cted from Avanig
India, onc of the regions severely

a. Images of blackgram plants were
asses: Anthracnose,

Ihe
colle

Andhra Pradesh,

affected by Cuscut
od and categorized into six cl
Leaf Crinckle, Powdery Mildew, and

collect
Cuscuta, Healthy,

yellow Mosaic. Each category contains 200 images, total

1200 images. Among these image the training contains

»00 and testing contains 600 images.

PERFORMANCE METRICS
The Pvthon programming language
he algorithms RESNETS0 as

ting model developed
) libraries. The

is used to

implement the algorithms. T
training model and U-net as the tes
with Python machine learning (ML
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cuscuta Detec'tion and Classification of Blackgram
plant Leaf Diseases using Deep-Transformation
Algorithm

Nadakudii Swarna Jyothi!
Rescarch Scholar. Acharya Nagarjuna University,
Guntur, AP, India, &
| ccturer m Computer Science. Govt. Degree College,
Avanigadda, Knishna District, Andhra Pradesh-521121.

{hstract— Cuscuta is a parasitic plant that highly impacts

the vielding of black gram (Vigna mungo) by reducing the
quality based on required subsistence. Early detection of
Cuscuta affliction becomes more complex, which may lead to
heavy loss to the 'I'ran_wrs.\‘This paper proposed a new Deep-
Transformation Algorithm (DTA) to overcome various issues
in finding the affected regions accurately and effectively
classifying Cuscuta on black gram plants. In this context, the
pre-trained model VGGNet is used to train on Cuscuta images
that obtain the disease patterns using multiple layers. The
preprocessing  technique. the contrast enhancement model

CLAHE (contrast limited adaptive histogram equalization),

improves the confined regions and avoids over-saturation. The

other segmentation method, such as Watershed segmentation,

is used to segment the regions based on Cuscuta stems and

Jleaves. Finally, the proposed DTA is the combination of

Pipeline with a fine-grained neural network applied on testing

sct images. which obtains superior performance in terms of

classification accuracy with 99,78%, which is high compared

with other existing models.

(scuta, Black Gram (Vigna mungo), VGGNet,
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Deep-Transformati

I. INTRODUCTION

Agriculture contributes to feeding humanity as well as a

major driver of socioeconomic stability globally. But, plant
are a significant problem for the agricultural
ality and lower yields of
Plant discases can cause radical Josses in production
therefore, carly detection with correct
mit these defects leading then to

techniques.  Historically, the
detection of plant diseases depends on the inspection by
experts or farmers that is a time-consuming, expensive and
ask. In addition, with there being less expertise
available in far-off areas or those not
developed fully, there are increased instances of delayed
diagnosces or wrong diagnoses. This creates a need for
automated. reliable and scalable solutions. Blackgram
(Vigna mungo), or urad bean, and black lentil, is an
important legume crop grown in various regions because of
its nutritional and economic value. But its productivity is
greatly hampered by many discases like powdery mildew,
( ercospora leaf spot and mosaic diseases due to viruses and
fungi. Therefore, carly and correct diagnoses of these

discasces
industry. leading 10 reduced qu
crops.
and productivity,
results is necessary to D
sustainable  agricultural

error-pronge
and resources
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: Sample Cuscuta (dodder) Image )

Artificial intelligence (AI) has already made great strlqe?s
in detecting and managing plant discase and parasitic
infestation. Cuscuta (dodder) is one of these parasitic plants
that represent a significant biotic stress for crop productivity,
e.g. blackgram (Vigna mungo). Cuscuta encircles the stems
of host plants, drawing nutrients from within and resulting in
catastrophic yield losscs. Quick detection and accurate
identification of Cuscuta infestation is the need of the hour,
for minimizing its ill impact and achieving sustainable crop
production. The large data based and computational power
driven approaches namely deep learning (DL) and
transformation-based algorithms (TBA) has becn proven as a
competent tool to explain the complex agricultural problems.
In this study, we apply a Deep-Transformation Algorithm to
effectively identify and classifying Cuscuta infestations in
blackgram plants. We have developed an improved method
that integrates deep neural networks with advanced image
proc?ssing techniques to achieve a quick but solid real-time
monitoring and resource management.

II. LITERATURE SURVEY

YASIN et al. [10] proposed the BPLD, which focuses on
c!assnfymg Black Gram Plant Discase. Various plant lcaf
diseases belong to the black gram. In this context, various
DL glgorithms are used to classify BPLD. From these
algorithms, the Darknet-53 and ResNet-101 obtain superior
accuracy performance of 98.98%. Sunil ct al. [11] proposed

s k.
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ure on plant diseases and classifications using
s ML and DL algorithms. M:_my studies discussed
k.,\uml multple _ plants, and appmmmut;ly 104 rescarch
orks were considered to analyze the performance of these
Jlporithms. vVenkatesh et al. [12] introduced advanced ML-
Jiscase detection for plant Ieaf diseases. In this
conteat, the black gram plant is used for the analysis based
on classification The RF used for the training acquired an
Jecuraey ot 99 18% and a testing accuracy of 97.34%,;
compared with other models, the proposed approach obtains
outcomes. Mehdhar et al. [13] introduced the
cnsemble approach that combined three CNN models
(MobileNenv2, NasNetMobile, and traditional CNN). The
proposed approach 1s first trained with two models at the
base level and transforms these predictions to the XGboost
model that shows the  final prediction. The XGBoost,
combimed with a search grid algorithm, obtains an accuracy
of 8% in terms of classification. Joshi et al. [14] proposed
an integrated model that combined automated DL algorithms
1o classify Vigna mungo leaves collected from various online
cources. VirLeatNet-1, VirLeafNet-2, and VirLeafNet-3
have the highest accuracy at 91.234%, 96.429%, and
97.403%. respectively, on several leaf images. Ramanjot ct
al [15] discussed various papers related to plant discascs.
The selected papers are from 2010 to 2022 and are published
m various online sources. All these articles are relevant to
classification using ML and DL
algorithms, Mcena ¢t al. [16] presented various trends that
help o detect and predict plant discases using advanced DL
and image processing techniques. The proposed approach
uses the artificial feature selection algorithm that identifies
plant discases based on spots that occur in the plant discascs.
These models improve the detection and classification of
ith better performance. The final accuracy
obtained was 96.25% with accurate region detection. Johri et
al. [17] discuss several DL-based algorithms that detect and
predict plant discases. The proposed DL models, compared
with various algorithms, provide accurate results in tcrms of
classification. Abbas et al. [18] proposed the C-GAN, which
is combined with transfer learning. The proposed appr.oach
lants accurately. The training

[1.;\k'(l

\l]l‘\'l 101

plant  discases and

plant discases W

detects the regions of tomato p
model DenseNet2 1 is used 1o train on actual tomato leaves
and also artificial images. The data augmentation technique
increases the network performance based on the accuracy of
99.51v% with the classification of 5 types of images.

111. PRE-TRAINED MODEL VGGNET

In this step. the automation of both detection and
classification of Cuscuta infestations can be efficiently done
using deep CNN- ke VGGNet or/and with the help of
iranster learning/pre-trained networks for robustness feature
extraction. The advantages of using the pre-trained VGGNet
model show the huge impact on identifying the disease
patterns.  The  VGGNet proposed exploiting deeper
architectures and using smaller convolutional filters to
capture fine-grained image details. The key factors of the
pre-trained model VGGNet is explained as:
Architecture: VGGNet has 16 to 19 layers, and most of the
convolution filters are small (3x3). This architecture is deep
cnough to extract complex features from Black gram
1mMaygces.
11:“-12:;”':;;:! \]:ll;:dgista Models for VGGNet are often pre-
g e O?oufccs, such as_lmageNet, which
S€S images spanning thousands of

979-8-3315-0982-8/25/$31.00 ©2025 IEEE
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categories. These pre-trained model weights are a good
starting point for solving image classification issues.

Transfer Learning: In this step, the features learned to
adapt the network to specific features obtained from the
input Black grain images.
Convolutional Layers (Feature Extraction): These layers
extract the sequence features from input images. The

Convolution Operation is represented as:
X-1Y-12-1

Ya.b.c = Z Z Z A(a+x_(b+y)z ' Wx,y,z,c + N¢ (1)

x=0 y=0z=0 . . .
Rectified Linear Unit (ReLU) Activation: This 1s

second step and it is applied as:
f(x) = max(0, x) (2)

Pooling Layers (Dimensionality Reducti.on): T}li.s lay;l:r
mainly reduces the spatial dimensions while retaining the
more significant features:

Xayza @)

Yabe = max

A (x.y)ePool(a,b) . . P
Fully Connected Layers (FCL) (Classﬂ‘lcatl(?n). FéL
Steps 1 and 2, the features arc smoothed and fed into s.

The softmax function is representezd as:
e C

the

P(y =clX) = W 4)

Transfer Learning: The parameters i_n VQGNet are
optimized for traditional features from the input 1magc. The
finc-tuned nctwork from the black gram dataset is replaced

with the final classification layers to detect the Cuscuta.
» The softmax layer is replaced to measure the total

classes (e.g. "healthy," vCuscuta-infested").
5 Fine-tune the network on the Blackgram dataset.

L= —% ZN: i Yab log(§ap) )

a=1b=1
Qutput Interpretation: The final output

prediction.

is a class

Class = arg max Piy=clX) (6)

IV. DATASET DESCRIPTION

The collection contains images of black gram crops
gathered in Avanigadda Mandal, Krishna District, Andhra
Pradesh, India, one of the most badly afflicted areas by
Cuscuta. In this context, the images of the black gram plant
are divided into Cuscuta and Healthy categories. Each
category has 400 images, totaling 800 images. The training
set includes 400 images, while the testing set contains 400.

V. PRE-PROCESSING WITH CONTRAST LIMITED ADAPTIVE
Hi1STOGRAM EQUALIZATION (CLAHE)

CLAHE is an image processing enhancement that
enhances the contrast of a given image. While classical
histogram equalization restores the entire image, the
CLAHE method works within the image's small defined
regions (or tiles/blocks). This local enhancement aids in
kee_pmg the details of different illumination (of the image
during day and night). Furthermore, it adds contrast limiting
to prevent noise or small details from being overly
an?phﬁcd, which may cause over-saturation. It is the most
suitable pre-processing technique for the dataset images to
detect Cuscuta (a parasitic plant) on Blackgram plants.

1813



215/25, 3:52 PM

g8 of the international Conference on Multi-Agent Systems for Collaborative Intelligence (ICMSCI-2025)

™ ber: CPP2SVHO-DVDS ISBN: 979-8-3315-098 1-1
s

\
h

jion. It scans high-resolution images of plants to
e minute  differences associated with parasitic

s
on

"‘f‘“iu mcnlS- Using.transfcr lcaming,‘ DTA uscs the
d}\:ﬂNd layers trained on large image databases
¥ (:.ichcﬂ and fine-tunes Cuscuta detection from a specific
“llll,;(—(bluck gram). 1t minimizes the requirecment of large
{1\.nmn->pcci1'xc labeled data and  still achieves high
securacy and robustness. An  Al-powered approach to
qericultural management improves detection accuracy and
g;w.\h‘k‘* carly intervention strategies, limiting damage to
cropland. This DTA framework holds excellent potential for
open and agroecological agriculture, protecting key crop
varicties under the threat of parasitic nematodes and
«upporting food production in general. This study highlights
the methodology and  performance  analysis  of Cuscuta
infestation detection and  classification along  with  the
working potential of the DTA approach in Cuscuta-affected
black gram plants. The following steps explain the
classification of infected and healthy images.

Step 1: The first layer is input layer represented as:

X € RN*9 where: (11)
N: No of data samples.
d- Dimensionality of every input feature vector.

Step 2: The transfer learning Equations include (5), and (6):

Step 3: Fine-Grained Classification layer:

§ = softmax(ZWoye + bou) (12)

V1. PERFORMANCE METRICS

The proposed approach’s performance is measured using
confusion matrix parameters. The Black gram images from
the dataset have no labels, and the proposed approach
analyzes the Cuscuta infestations based on normal and
abnormal classification. The testing set contains 400 images,
and these images are non-labeled. The following metrics
show the performance of several algorithms.
TN + TP

Accuracy = = TP + FN + FP

— TP
recision = FP + TP
R 11 N
€l = TP ¥ FN
TP
F1 — Score =

FN + FP + 2TP

A. Results and Discussions

In this section, Table | shows the performance of various
algorithms belonging to DL and compared with DTA. It
compares algorithms like CNN and ANN with the DTA.
Among all the algorithms, the DTA obtains an accuracy of
99.78%, which is high compared with CNN's accuracy of
97,-1{5% and ANN's accuracy of 98.34%. These
performances show the potentiality of the proposed
approach in detecting the Cuscuta infestation.
Table 1: Quantitative performance of various Algorithms
[7 [ Accuracy | Precision | Recall | F1-Score l

979-8-3315-0982-8/25/$31.00 ©2025 IEEE

CNN 97.45 96.34 95.67 94.34
ANN 98.34 98.50 97.67 97.12
DTA 99.78 99.78 99.51 99.81 |
=l Accuracy [T Precision 77 Recall HE F1-Score
100
80
g
& 60
[e]
<
Q
Q40
Q
[« 9
20
° CN& ANN DTA
Algorithms
Figure 3: Quantitative Performance of Various Algorithms

VIII. CONCLUSION

This study showed the ability o_f D:TA to identify _and
classify Cuscuta infestations occurring In black gram (Vlgﬁa
mungo) plants. Using deep learning technology, the
proposed model attained high rates of ac;urately detecting
and classifying Cuscuta presence across {nfestat_lou stages.
DTA accurately detected Cuscuta intermixed with
complicated backgrounds and under diﬁ‘er.ent fi.e]d
conditions. This system correctly classified infestation
severity levels, which will help implement early-stage
detection when intervention is most effective. The DTA
outperformed traditional DL algorithms (the performance
was evaluated based on accuracy of 99.78%, precision of
99.78% , recall of 99.51 and F1-Score 99.81. By providing a
scalable and reliable tool for farmers and agronomists to
monitor Cuscuta infestation, the proposed solution addresses
the issue above to reduce crop losses due to the harmful
weedy behavior of Cuscuta species and promote sustainable
agricultural practices in general. Its integration with mobile-
based applications or drones for real-time monitoring can
revolutionize pest management in Blackgram cultivation.
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